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Abstract—In agriculture, understanding the distribution and
relationship between different aspects of the environment is im-
portant for minimizing chemical use and reducing environmental
impact. Traditionally, it is done by manually collecting samples on
the field and then sending them to a laboratory for analysis. This
is not only labor-intensive and costly, but the results will still be
outdated. There is thus a growing interest in developing robotic
systems to map these variables and uncover their correlations in
real time. However, existing learning and sampling methods only
focus on one quantity of interest (QoI) or make assumptions that
might lead to sub-optimal results when there are multiple QoIs.
In this work, we propose a multivariate active transfer learning
and intelligent adaptive sampling system that can simultaneously
learn the most accurate models for multiple QoIs as well as the
relationship between them, and leverage that knowledge to select
the next best locations to sample. Performance benchmarking
against existing methods shows that QoIs are mapped more
accurately, complex correlations between QoIs are identified
more precisely, and travel routes are planned more efficiently.

Index Terms—Adaptive Sampling, Active Transfer Learning,
Multi-kernel Gaussian Process, Precision Agriculture

I. INTRODUCTION

GAINING real-time knowledge of the environment is a
fundamental problem for many applications. In farm-

ing, for example, knowing the levels of macronutrients such
as NPK (nitrogen, phosphorus, potassium), pH, water, and
crop health is critical. With accurate and timely information,
farmers can determine the amount of fertilizers and chemicals
required to increase yield in a sustainable manner. However,
the traditional way of sampling the field is a manual and labor-
intensive process. This hampers our ability to fully understand
the interdependencies among these factors and limits our
capacity to optimize resources in farming practices [1].

To address this problem, autonomous robots play a decisive
role due to the power of autonomy and mass deployment.
Across different fields, many robotic systems are being de-
ployed to perform tasks that are dull, dirty and even dangerous.
In precision agriculture (PA), robots can be deployed to rapidly
collect samples to measure the macronutrient composition and
water characteristics at various depths below the surface and
various locations across the field, at a pace that far surpasses
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Fig. 1: Overview of the proposed system in the case with
q = 2 QoIs and p = 2 PQ. The system operates in two phases:
learning (MKGP module) and sampling (MVAS module).

humans [2]. Hence, robots will be key to enabling automated
and large-scale PA of the future.

However, the full potential of agricultural robots can only
be unlocked with novel algorithms that can make the most
optimal decisions given the situation. Firstly, using in-situ
measurements and prior knowledge obtained from past mis-
sions or other sources of information, the algorithm should
incorporate spatial process modeling, making inferences and
predicting at unsampled locations. Secondly, the algorithm
should provide information-guided sampling strategies, i.e. it
should prioritize effective samples which will improve the
model’s accuracy and reduce the overall uncertainty. Lastly,
the algorithm should consider the robot’s budgetary constraint
since it is a major concern for real-life operation.

In this context, we propose a system that combines the
power of active transfer learning and intelligent adaptive
sampling for environmental monitoring applications. Our main
contributions include:

• MKGP: a multi-kernel, multi-output modeling method
that can learn the spatial models of and correlation among
many quantities of interest (QoIs) and prior data;

• MVAS: a multivariate adaptive sampling method that
leverages the model from MKGP, a-priori data and travel
cost to select the most effective sampling locations.

• A thorough evaluation process for each component of the
system with synthetic and real-world datasets.

The rest of the paper is structured as follows: First, the
related works are reviewed in Sect. II. Next, we present our
system in detail in Sect. III. Then, Sect. IV evaluates our
system in simulations and Sect. V concludes our work.
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II. LITERATURE REVIEW

In many applications where a robot is sent to locations
of interest to gather environmental information, an appealing
modeling technique is the Gaussian Process (GP) [3]–[6].
From only sparse data, GPs can estimate both values and
uncertainties of spatially-dependent quantities. However, most
previous works rely on single-output GPs (SOGP), i.e., GPs
that are used to predict a single output based on the inputs.
For PA, we need to explore not only the properties of the
environment but also the complex correlations between them.
Hence, there is a need to develop multivariate learning and
sampling methods for autonomous robots.

Recent works have employed multi-output GPs (MOGP) for
model learning in robotics. In [7], using MOGP was shown to
improve the accuracy in learning a robot’s inverse dynamics
compared to using multiple SOGPs. In [8], the authors pre-
sented a MOGP system for occupancy grid map generation
using camera and lidar data from multiple robots. In [9],
we introduced an MOGP-based modeling and optimization-
based sample selection method for information-gathering ap-
plications with non-collocated data. However, these works
are single-kernel MOGP (SKGP for short) methods, which
means they assume the same kernel type and the same
hyperparameters can be used to model all tasks. While this
assumption can reduce the complexity of the optimization
problem, in real applications different kernel types or at least
different hyperparameters may be required to model each task
accurately [10], [11]. Hence, developing modeling methods
using multi-kernel MOGP (MKGP for short) to address this
limitation is the logical next step.

One major challenge for MOGP is the high computational
cost of inverting large covariance matrices, which grows with
the number of tasks and data points [12]. To tackle this
issue, various solutions have been proposed. For example, [13]
combines deep neural networks with sparse GPs to provide
fast, reliable uncertainty estimates. However, this method relies
on having a sufficiently large dataset for both training and
inference. [14] introduces an intrinsically sparse covariance
function that reduces inversion complexity but sacrifices some
uncertainty quantification. In contrast, MKGP prioritizes pre-
diction accuracy at the cost of higher regression complexity,
which is more aligned with PA scenarios where data is sparse,
the ability to collect large quantities of data is limited, and
prediction accuracy is paramount.

Targeting applications with collocated prior data, which
are increasingly common due to satellite imagery, sensor
networks, and geostatistical surveys, our system improves
upon previous works in the following ways: Firstly, compared
to SOGP and SKGP methods [3]–[5], [9], our approach
allows the most suited kernel type to be assigned to each
QoI. Secondly, our method explicitly leverages prior data in
the sample selection phase, while [5], [9] only include it
implicitly within the model. Thirdly, our system incorporates a
multivariate objective function to plan a more effective route
for all QoIs, while past approaches only consider one QoI
at a time. As a result, we observe noticeable enhancements
in performance compared to existing methods, which will be

Method Learning Sampling
Output Kernel Location Cost

mGP [4] Single Single ✓ -
MI [3] Single Single ✓ ✓

SOGP [5] Single Single ✓ ✓
SKGP [9] Multi Single ✓ -

Ours Multi Multi ✓ ✓

TABLE I: Comparision of our method and related works.

discussed in Sect. IV. Table I summarizes the comparison
between our MKGP and related works.

Recent advances in adaptive sampling have extended tradi-
tional myopic and lookahead strategies to multivariate sce-
narios, where multiple QoIs are considered simultaneously
[15]. These approaches typically balance exploration and
exploitation by jointly assessing the predictive uncertainty
and expected improvement across all outputs. [16] presents
a highly scalable sampling-based planning method for multi-
robot information gathering missions in complex environ-
ments. However, in these works the performance guarantee
is on uncertainty reduction rather than modeling accuracy. In
our system, MVAS is designed specifically to improve the
modeling accuracy of MKGP, by explicitly incorporating the
resource constraint and parameter-wise correlations in our for-
mulation. Our work adopts an information-based heuristic that
quantifies the expected improvement in mapping accuracy and
reduction in model uncertainty at candidate sampling points,
while incorporating travel cost into the decision process. By
doing so, our method provides a computationally efficient
and principled way to guide sample selection in multivariate
settings without the added complexity of full multivariate
lookahead strategies.

III. PROPOSED SYSTEM

A. Problem Formulation

Suppose we have a 2D environment with a grid map that
represents the traversability information. A robot is deployed
to measure q ∈ N scalar QoIs at each sample location.
Additionally, we have data for p ∈ N scalar quantities (referred
to as “prior quantities” - PQ) available for all sample locations
but their correlations with the QoIs are unknown. Let n = q+p
be the total number of quantities. The problem is mapping
the distribution of all q QoIs and the correlation among all
n quantities as accurately and efficiently as possible. Fig. 1
shows an overview of our system and its main components.

B. Multi-kernel Gaussian Process modeling (MKGP)

1) Modeling: Let x ∈ R2 be the sampling location and
y(x) = [y1(x), . . . , yn(x)]

⊤ ∈ Rn be the observed data at
x. The first q and the last p elements of y(x) are
in-situ measurements for the QoIs and a-priori data for
PQ, respectively. Let S = {X,Y} be the training dataset
with m data points where X = {xj | j = 1, . . . ,m} and
Y = {yji | i = 1, . . . , n, j = 1, . . . ,m}. In SOGP, the aim is
to learn n independent regression models, or tasks. In MKGP,
we consider Y to be drawn from an n-variate GP with
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mean vector µ and covariance matrix ΣY. ΣY describes
the coupling between the outputs according to the distance
between the inputs and the correlation between the tasks.
Generally, ΣY ∈ Rmn×mn takes the form [17]:

ΣY =


C Σ(x1,x2) . . . Σ(x1,xm)

Σ(x1,x2) C . . . Σ(x2,xm)
...

...
. . .

...
Σ(x1,xm) Σ(x2,xm) . . . C

 , (1)

where:

C := Σ(xa,xa) =


σ2
1 σ1,2 · · · σ1,n

σ2
2 · · · σ2,n

. . .
...
σ2
n

 (2)

is the n× n cross-covariance matrix between the tasks, σi,j is
cross-covariance between the i-th and j-th tasks, Σ(xa,xb),
1 ≤ a, b ≤ m, is the n × n covariance matrix between the
outputs at locations xa and xb. This form stacks the covariance
matrices per input combination and not per output, which we
leverage to derive the general formula of Σ(xa,xb) from C.
In [11], it was shown that Σ(xa,xb) can be constructed from
base kernels that represent spatial and inter-task correlations.
However, while [11] assumes unit variances for each kernel,
we leverage the fact that the signal variances can be explained
fully by C to define:

Σ(xa,xb) = C(θC)⊙K(xa,xb,θK), (3)

where ⊙ is the Hadamard product (element-wise product),
K is a n × n multi-kernel covariance matrix, θC and θK
are the vectors containing the hyperparameters for C and K,
respectively. Next, we outline how to construct K and C.
K consists of auto covariance terms Kii (i ∈ [1, n]) and

cross-covariance terms Kij (i ̸= j), all of which need to
be defined. The auto covariance terms are selected first from
existing kernel choices to best model task-specific spatial
behavior. For example, the Matérn covariance function is a
single-quantity covariance function commonly used in proba-
bility theory, machine learning and spatial statistics [18]. The
Matérn 3/2 covariance function is defined as:

M(xa,xb, θi) =
(
1 +

√
3d/θi

)
exp

(
−
√
3d/θi

)
, (4)

where d = ∥xa − xb∥ is the geodesic distance between sample
locations, θi is the corresponding characteristic length-scales.
If we choose Kii and Kjj as Matérn kernels with different
hyperparameters θK,i and θK,j , the cross-covariance function
can be analytically computed as [11]:

Kij = θij

(
θK,ie

−
√
3d/θK,i − θK,je

−
√
3d/θK,j

)
, (5)

where θij = 2
√
θK,iθK,j/(θ

2
K,i − θ2K,j). We note that when

θK,i ≈ θK,j Eq. (5) is simplified into Kij = e−
√
3d/θK,i .

Other kernel combinations as well as the process to obtain
any arbitrary combination can be found in [11].

We then follow the free-form parameterization [19]
to construct C = LL⊤, where L ∈ Rn×n is

a lower triangular matrix. As such, the non-zero el-
ements of L will be the cross-correlation hyperpa-
rameters, i.e., θC = [L11, L21, L22, · · · , Lnn]

⊤ ∈ RN where
N = n(n+ 1)/2.

With the proposed approach, K and C are guaranteed
to be positive semi-definite (PSD), which guarantees ΣY is
also PSD and the resulting Gaussian distributions are well-
defined. Moreover, in [20], it was shown that if the individual
processes are GPs, then the convolved process is also a valid
GP. As such, existing theoretical results for GPs still apply
to MKGPs. In particular: (1) while global convergence is not
guaranteed, increasing the size of the training set typically
improves hyperparameter estimation and modelling accuracy
[18], and (2) the approximation error depends on how well
the model aligns with the underlying assumptions (e.g., noise
characteristics, likelihood choice) [21].

2) Hyperparameter Optimization and Correlation Estima-
tion: The hyperparameters, which include θC and θK , are
estimated by the restricted maximum likelihood estimation
(RMLE). RMLE has been shown to provide less biased
estimation results compared to MLE even with a low number
of samples [17]. RMLE is written as:

RMLE = ln |ΣY|+ln |F⊤ΣYF|+(Y−Fµ̂)⊤Σ−1
Y (Y−Fµ̂)

(6)
where F = 1m ⊗ In, 1m is a m× 1 vector of ones, In is an
n × n identity matrix, ⊗ is the Kronecker product, and µ̂ is
the generalized least-squared estimator [22]:

µ̂ = (F⊤Σ−1
Y F)−1F⊤Σ−1

Y Y. (7)

Unlike traditional MLE, which can often be optimized
directly using gradient descent, the RMLE objective function
in Eq. (6) may exhibit multiple local maxima. To address this,
we first obtain initial parameter estimates using a global opti-
mization method—specifically, a particle swarm optimization
routine—and then refine the estimates using gradient descent.
After optimization, we need to normalize the estimated Ĉ. The
reason is that as the free-form parameterization in [19] does
not force the diagonal elements of Ĉ to be 1, the values of
the correlations will not be limited to [−1, 1], which makes
interpreting the inter-task similarities less straightforward. To
address this issue, we follow [12] to obtain the normalized
matrix Ĉ′. Ĉ′ will have 1 as diagonal elements, and each
element at the a-th row and b-th column (b < a) is computed
as Ĉ ′

ab = Ĉab/
√∑δ2

δ=δ1
θ2C,δ , where δ1 = a(a− 1)/2+1 and

δ2 = a(a + 1)/2. We then define the correlation coefficient
rab = (Ĉ ′

ab)
2 to give a score from 0 to 1 that represents how

much one task is explained by the other. The closer rab is to
1, the more correlated task a and b are. Conversely, when rab
is close to 0, the tasks are more likely to be independent.

3) Prediction: Once θC and θK are estimated, the multi-
variate best linear unbiased prediction is computed as [17]:

ŷ = µ̂+ΣTΣ
−1
Y (Y − Fµ̂), (8)

where ΣT is the covariance matrix between the testing point
x∗, whose outputs ŷ are to be predicted, and each of the
training points in X, whose outputs Y are known. Lastly,
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following [17], the n × n matrix of estimated mean squared
prediction error (MSPE) is computed as:

ε(x∗) = C−ΣTΣ
−1
Y Σ⊤

T +U(F⊤Σ−1
Y F)−1U⊤, (9)

where U = In −ΣTΣ
−1
Y F.

C. Multivariate Adaptive Sampling (MVAS)

Given a training set S with m data points, the goal of our
Multivariate Adaptive Sampling (MVAS) algorithm is to find
the next sampling location xm+1 with the following criteria:
(1) the new observation at xm+1 should improve the model
accuracy and reduce the uncertainty for all QoIs, (2) a-priori
data should be leveraged if deemed appropriate by the inter-
task correlations, and (3) the algorithm should aim to minimize
the travel cost. We propose the following MVAS optimization
problem that satisfies these criteria as:

max
x∈X

I(x)
Λ(x,xm)

, (10)

where X is the set of unvisited locations and Λ(x,xm) =
∥x− xm∥/v is the travel cost from xm to x, with v as the
robot velocity. Note that our method can be generalized to
any arbitrary travel cost functions Λ(·). Based on Expected
Improvement for Global Fit [23], I(·) is a function that
estimates the information gained by visiting x as:

I(x) =

First︷ ︸︸ ︷
∥[ŷ(x)− y(x∗)]q∥2 + α

q∑
i=1

εii(x)+

Second︷ ︸︸ ︷
β

p∑
i=1

r̄iφ
2
i (x),

(11)
where x∗ is the closest sampled point to the candidate point
x in terms of Euclidean distance, [.]q extracts the first q
elements of the input vector, ŷ(x) and ε(x) are respectively
the predicted value and MSPE computed in Sect. III-B3,
r̄i = maxj∈[1,q] Ĉ

′
q+i,j is the maximum of all the inter-

task correlation coefficients between PQi and the QoIs, φi =
|ŷi − y̌i| is the error between the predicted (̂.) and a-priori (̌.)
values for PQi, and α and β are user-defined parameters to
change the balance of the optimization. φ2

i is used instead of
φi to make the units in Eq. (11) consistent.

The MVAS problem (10) essentially maximizes the infor-
mation gain efficiency when visiting each new location. It
can be interpreted by understanding how the components are
designed. First, the information gain function in Eq. (11) aims
to satisfy criteria (1) and (2) as follows. The First term can
improve the mapping accuracy while the Second term encodes
the information that a-priori data can provide. If r̄i ≈ 1,
there is a strong correlation between PQi and at least one
QoI. As such, measurements that can quickly improve the
internal model for PQi (via φ2

i ) may also quickly improve the
model for the associated QoI. Hence, the algorithm should
also favor locations that can significantly reduce the errors
of the internal model for PQi. Conversely, when r̄i ≈ 0,
meaning PQi is uncorrelated with any QoI, the Second term
will be insignificant and can be ignored. Finally, we divide
the estimated information gain by the travel cost to satisfy
criterion (3): the algorithm should favor locations that might

be less informative but are much cheaper to travel to, which
is more cost-effective from an operational standpoint. While
MVAS is not derived directly from Shannon’s information
theory, they are conceptually aligned. Shannon’s entropy mea-
sures uncertainty, and information gain is the reduction in
that uncertainty upon acquiring new data. Our information-
based heuristic method draws on the same underlying idea
of quantifying and reducing uncertainty similar to Shannon’s
information theory, but they are not formally equivalent.

IV. SIMULATION RESULTS

In this section, we evaluate our system in simulation, focus-
ing on key metrics related to a robotic problem. Specifically,
we show that compared to existing approaches: 1) MKGP
can learn more accurate models for the QoIs, 2) MVAS
can plan more effective and efficient sampling routes, and
3) our system, particularly MKGP, is more computationally
demanding. For more in-depth comparisons between SOGP,
SKGP and MKGP techniques, interested readers are referred
to [12], [17], [19].

A. Synthetic Data

1) Simulation Setup: We consider a practical scenario in
agriculture where we wish to use a robotic solution to map
the distribution of Nitrogen (N) and Phosphorous (P), two
important macronutrients for plant and fruit growth, on a farm
field. The distribution of Potassium (K), another macronutri-
ent, can be obtained from a recently conducted geochemical
survey such as [24], and the distribution of pH can be obtained
from a sensor network available at the field. We simulate a
50m × 50m field with grid size 1, i.e. each measurement
represents a 1m×1m area, and generate q = 2 QoIs (“N” and
“P”) and p = 2 PQ (“K” and “pH”) as follows. Firstly, each
QoIi (i ∈ [1, q]) is generated using the method in [25], which
is a well-established method in the literature that ensures
the synthetic data exhibits spatial correlations and statistical
properties similar to real-world data. The observation values
for the QoIs are in [0, 100] range, which are corrupted by
Gaussian noise ϵ ∼ N (0, 10). Then, each PQi (i ∈ [1, p]) is
generated from one of three methods:

• High correlation (H): PQi is QoIi multiplied by a
random positive value, i.e. PQi = ηiQoIi, 0 < ηi ≤ 1,

• Medium correlation (M): PQi is QoIi added with large
Gaussian noise, i.e. PQi = QoIi + ηi, ηi ∼ N (0, 30),

• Low correlation (L): the map of PQ is a completely new
map, independent of any QoI.

In an agricultural context, these correlation levels may indicate
normal plant growth stages (high/medium correlation between
N-K or P-K), or potential issues such as nutrient leaching or
soil acidification (high/medium correlation between N-pH or
P-pH). Next, we separately evaluate each component of our
system to better understand their individual performance.

2) Modeling Accuracy: We compare MKGP against SOGP
and SKGP methods using the same training set S obtained
from a coverage path with m = 20 data points. The Matérn
3/2 kernel type was chosen for all learning methods. The
root-mean-square error (RMSE) is calculated as RMSEi =
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Fig. 2: Training RMLE of the proposed MKGP method with
increasing number of data points m (left) and different kernel
combinations (right). M3 and SE refer to Matérn 3/2 and
Squared Exponential kernel types, respectively.

Method Configuration of QoIi-PQi

LL LM LH MM MH HH

L
ea

rn
in

g SOGP 14.02 15.16 13.85 15.75 11.61 17.19
SKGP 14.84 15.47 15.10 15.20 12.36 17.01

MKGP 12.36 14.79 12.03 15.10 11.50 12.99

Sa
m

pl
in

g RS 16.58 16.41 17.16 15.12 16.62 13.67
CS 16.76 16.31 18.09 15.68 18.82 12.82

EIGF 16.64 15.92 16.51 14.77 16.51 11.98
MVAS 15.20 14.78 13.75 13.34 14.29 11.51

TABLE II: Simulation results. We report the average RMSE
of the predicted map over all QoIs. Configuration refers to the
correlation level between each QoIi-PQi pair, e.g.“LM” means
N (QoI1) has a low correlation with K (PQ1) and P (QoI2)
has a medium correlation with pH (PQ2). The best and second
best results are in bold and blue, respectively.

√
1
M

∑M
j=1(ỹi(xj)− ŷi(xj))2 where M is the number of test

points (i.e., number of grid cells in the map), ỹi(xj) and ŷi(xj)
are the true and predicted values at location xj . RMSE is used
to evaluate the mapping accuracy for each QoIi, i ∈ [1, p].
Each experiment is repeated 10 times with different QoIs,
then the average RMSE over all RMSEi (RMSE) is reported
in Table II. This was enough runs to ensure the statistical
significance of our findings, i.e. a 5% p-value.

Fig. 2 illustrates the RMLE of MKGP during one simu-
lation. As can be seen, our model can converge after 20-50
iterations in most cases. We can use the RMLE value as the
training metric, where the lower RMLE is the more accurate
the model becomes. Based on this metric, it can be said that the
trained model becomes more accurate with more training data.
Furthermore, among the kernel combination choices, Matérn
3/2 × Matérn 3/2 has the fastest learning rate and lowest
RMLE after training, which might indicate that it is the most
suitable for our application. These observations demonstrate
that our modeling method can converge and has behaviours
within established knowledge about GPs [11], [18].

As can be seen from Table II, the proposed MKGP outper-
forms other methods in all configurations. Furthermore, the
results of SOGP are generally better than SKGP in most cases,
which shows that assigning a different kernel for each QoI
is generally better than having a single kernel for all QoIs.
However, by also learning the correlations between data, our
method can improve the modeling accuracy noticeably and

Fig. 3: Comparision between MKGP and Pearson methods
in estimating the correlation coefficients rab for linear rela-
tionship. LL/MM/HH refers to the correlation configuration
of both N-K and P-pH pairs. The other pairs are uncorrelated.

Fig. 4: Comparision between MKGP and Pearson methods in
estimating the correlation coefficients rab for three types of
nonlinear relationship. N-K and P-pH share the same type of
relationship in each case, while other pairs are uncorrelated.

was able to surpass SOGP in all cases.
3) Correlation Estimation Accuracy: We evaluate the effec-

tiveness of our method in estimating the correlation between
quantities by comparing the correlation coefficient rab esti-
mated by MKGP and the bivariate Pearson correlation, which
is commonly used to measure the correlations among pairs
of variables. We tested the methods against 3 types of linear
relationships, as listed in Sect. IV-A, and 3 types of nonlinear
relationships as follows:

• Quadratic correlation: PQi = 0.5QoI2i + 0.1QoIi, as
QoIi increases, PQi increases at an accelerating rate,

• Exponential correlation: PQi = 0.3eQoIi , as QoIi in-
creases, PQi increases exponentially,

• Logarithmic correlation: PQi = log(QoIi), as QoIi
increases, PQi increases at a decreasing rate.

Fig. 3 and Fig. 4 illustrate the results in linear and nonlinear
cases, respectively. While both methods can correctly identify
the correlation, MKGP can do so with only one sample whilst
the Pearson method requires at least 3 samples to reach the
same outcome. Furthermore, for the uncorrelated pairs of
quantities, the results from the Pearson method fluctuate much
more and stabilize at a much slower rate than the proposed
method. In some challenging cases such as linear HH in Fig.
3 and nonlinear Logarithmic in Fig. 4), the Pearson method
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Fig. 5: Comparison between different sampling methods in
one simulation case with linear HH configuration. Values have
been normalized within each map. Cooler and warmer colours
indicate lower and higher abundances, respectively. The circles
highlight one area where MVAS was able to take advantage of
a-priori data to improve the performance compared to EIGF.

could not reach a definite conclusion for the uncorrelated
pairs, while the proposed MKGP can accurately identify the
corresponding relationship, or lack thereof. As such, MKGP
can more confidently ascertain the correlation between any
pair of quantities, for both linear and nonlinear cases.

4) Sampling Performance: To evaluate the sampling mod-
ule, we pair MKGP with one of the following sampling
methods: random sampler (RS), which selects the next sample
location randomly; coverage sampler (CS), which selects the
next sample location following a grid pattern; Expected Im-
provement for Global Fit (EIGF), which is the sample selection
method used in [9] extended for multiple QoIs by adding
individual objectives together; and MVAS. The coefficients in
Eq. (11) are empirically chosen as α = 100, β = 100. MKGP
is initialized with n = 4 data points obtained near the starting
point ([0, 0]), then we let the algorithms run until a budget of
M = 20 samples is spent. As the other methods did not take
the travel cost into account, we removed Λ(·) from the MVAS
cost function (10) to make the comparison fair.

Table II shows the RMSE results for the sampling meth-
ods, while Fig. 5 demonstrates an example of the difference
between them. From Table II, it is obvious that adaptive
sampling-based methods are much more effective than a cov-
erage path or randomization. Furthermore, the maps provided
by adaptive sampling methods are more representative of the
underlying fields, as shown in Fig. 5. However, our method can
exploit a-priori data to choose the next sampling location more
effectively than EIGF. As a result, MVAS allows the robot to
focus on areas with higher potential for improvement, which
leads to higher map fidelity (as seen in Fig. 5) and overall
better accuracy (as shown in Table II).

5) Travel and Computation Costs: We compare the per-
formance of our full system with and without taking the

Fig. 6: Example of mapping accuracy and travel cost when
Λ(·) is and is not taken into account.

Fig. 7: Comparision of computation time between different
learning methods. The results are averaged over 10 runs.

travel cost into account, i.e. by removing Λ(·) from Eq. (11).
We run both configurations in 10 simulations with random
initialization conditions and the robot velocity set at v = 1 m/s.
Overall, without penalizing for the travel cost, the mapping
accuracy of MVAS can increase by 5% on average. This is
expected, as the performance should be better if information
gain is the only target for optimization. However, when Λ(·)
is included, the travel cost is reduced by 41%, which is a
significant improvement. Fig. 6 shows an example of the dif-
ference of the two cases. It can be seen that, with some small
variations, the sampling routes go through the same locations
in both cases. However, MVAS simply selects less informative
but closer locations first before visiting more informative but
further away locations later on. Hence, by optimizing for the
right objective, MVAS can become much more cost-effective
at the expense of slightly lower accuracy. Thus, the proposed
MVAS is suitable for real-world applications, where cost is a
major operational factor.

All simulations were run on a laptop with Intel i7-13700H
CPU, 32GB RAM, and without any GPU acceleration. Fig.
7 illustrates the average processing time over 10 runs of
different learning methods, including learning hyperparameters
and inference. It is clear that MKGP is more computationally
heavy than other approaches and suffers from a scaling issue.
As such, we note some limitations of our system that lead
to high computation costs. First is the operations involving
the large matrix ΣY, in particular the inversion in Eq. (6).

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.



NGUYEN et al.: MULTIVARIATE ACTIVE LEARNING AND ADAPTIVE SAMPLING WITH MULTI-KERNEL GAUSSIAN PROCESSES 7

Fig. 8: True spatial distribution maps of Cd, Cu, and Pb in the
Jura dataset. The robot’s starting location is labeled as (S1).
The unit for all maps is parts per million (ppm).

Method Mean PE (%) Statistics for PE (%) Correlation
Cd Pb σ Max Min Cd-Cu Pb-Cu

SOGP 15.07 14.27 11.94 87.22 0.08 0.13 0.61
SKGP 16.41 14.72 10.97 84.54 0.08 0.14 0.60
MKGP 14.55 13.25 4.95 53.41 0.06 0.18 0.79

TABLE III: Experimental results for different learning meth-
ods on Jura dataset, with all sampling data processed. The best
and second best results are in bold and blue, respectively.

Second, due to the higher number of hyperparameters, the
optimization can take longer to finish compared to SKGP or
SOGP. Fortunately, these are problems for MOGP in general
[11], [12] and many solutions have been put forth to address
them [26], [27]. Hence, the challenge is to find the right
techniques and apply them to our intended use case, which
is part of future work.

B. Real-world Dataset

In this section, the proposed system is evaluated on the Jura
dataset [28], which includes a prediction set (259 sampling
locations) and a test set (100 validation locations). The data
include the concentration of seven heavy metals, correspond-
ing coordinates, land use type, and rock type. In this work,
we envision an environmental monitoring scenario where an
autonomous robot can go to any sampling location to collect
measurements for two elements - cadmium (Cd) and lead (Pb)
- but cannot access the validation locations. Additionally, the
concentration data for copper (Cu) for all sampling locations
are available thanks to previous geostatistical surveys. These
three elements were chosen since among the seven metals, the
strongest and weakest correlations were respectively observed
between Cu-Pb and Cu-Cd pairs [28]. As such, using them
might help to elucidate the effectiveness of the proposed
system. With this setting, the problems are: 1) predicting the
concentrations of Cd (QoI1) and Pb (QoI2) at 100 validation
locations using on-site measurements and a-priori data for Cu
(PQ1), and 2) selecting the next best location to sample among
the unvisited locations. The dimensions of the problems are:
x ∈ R2, y ∈ R3, q = 2, p = 1, m = 259, M = 100.

Fig. 8 presents the distribution maps for the QoIs and
PQ. All measurements at sampling locations are affected by

Fig. 9: Comparison of the percent errors of different modelling
methods on Jura dataset, with all sampling data processed.

Fig. 10: Comparison of different sample selection methods on
Jura dataset. a) Mean percent error averaged over both Cd and
Pb. b) Total traveled distance by the robot.

Gaussian noise with a standard deviation of 10% of the
true value. Since the measurement ranges for the QoIs vary
significantly, we use the percent error (PE), computed as
PEi,j =

|ỹi(xj)−ŷi(xj)|
ỹi(xj)

· 100%, to compare errors between
different quantities. Table III shows the numerical results,
while Fig. (9) illustrates the percent error of different modeling
techniques with the Jura dataset. Firstly, it is obvious that
MKGP achieves the lowest mean PE for both QoIs, which
demonstrates the superior performance of our method. Sec-
ondly, MKGP obtains the lowest standard deviation (σ) and
the lowest maximum PE, which are both significantly better
than what can be achieved by either SOGP or SKGP. Thirdly,
while all methods recognize the weak correlation between
Cd and Cu, with only minor variations in their estimated
coefficients, MKGP identifies the strong correlation in the Pb-
Cu pair with the highest confidence. Overall, it is clear that
MKGP outperforms previous approaches in this benchmark.

Nonetheless, challenges remain when working with real-
world datasets, particularly in handling anomalies. As shown
in Fig. (8), the values at certain validation locations, such
as (V1)–(V3), exhibit drastic changes compared to their sur-
roundings. Consequently, regardless of the modeling approach
used, the PEs at these points are significantly higher than
at other locations. However, as seen in Fig. (9), at (V3)
MKGP produces a noticeably more accurate estimate than the
other methods. This improvement may be attributed to the
presence of a nearby sampling location (S2), where the a-
priori Cu concentration also increases sharply relative to its
surroundings. By leveraging this data point and recognizing
the strong correlation between Pb and Cu, MKGP is able to
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predict the Pb value at (V3) more effectively compared to
SOGP and SKGP. In contrast, no similarly correlated a-priori
data exist for (V1) and (V2), making accurate predictions at
these locations challenging for all methods.

Finally, Fig. (10) illustrates the performance and cost of
various sample selection methods. All methods are paired with
MKGP and begin at the same starting point (S1). The results of
the random sampler are averaged over 10 runs. For simplicity,
the Euclidean distance between sample locations is used as the
travel cost Λ(·). In general, to achieve accuracy within 3% of
the final mean PE, CS and RS need more than 200 samples,
while it only takes 158 samples for MVAS. Furthermore, it is
obvious that the proposed MVAS method provides the fastest
rate of improvement within the first 100 samples. However, to
cover all sampling locations, the CS, RS, and MVAS methods
require 489.4 km, 530.1 km, and 659.6 km of travel distance,
respectively. These results show that MVAS offers the most
cost-effective sampling strategy compared to other approaches
by prioritizing the most informative samples first and taking
into account the associated travel costs. However, it might not
be the best option if the goal is to simply collect all of the
samples in the environment in the shortest amount of time.

V. CONCLUSION

In this article, we present a system that addresses the robotic
problem of environmental mapping for unknown scalar fields
with limited resources. Our method includes MKGP, a multi-
kernel Gaussian processes module and MVAS, a multivariate
intelligent adaptive sampling module. MKGP first assigns
a different kernel for each task, then uses convolution and
free-form parameterization to formulate the cross-covariance
terms. MVAS will leverage the learned model from MKGP,
then incorporate prior information and travel cost to find the
next best sampling location. In simulations with synthetic and
real-world datasets, we show that our system can model the
QoIs more accurately than SOGP and SKGP, discover the
hidden relationships between QoIs and PQ more precisely
than the Pearson correlation coefficient, and plan the sampling
route more efficiently than previous approaches. In the future,
we aim to improve our system by addressing the scaling
issue with appropriate techniques, making our MVAS method
more robust against anomalies in real-world data and more
adaptive to the dynamics of the environment by including
the coefficients α and β in the optimization problem, and
conducting field trials to evaluate the system in the real world.
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